Introduction
Recently, covariance functions and random regression models (RRM) have been proposed as an alternative to model traits that are recorded repeatedly during the animal's life (i.e., longitudinal data; Kirkpatrick et al., 1990 Kirkpatrick et al., , 1994 Schaeffer and Dekkers, 1994) . A covariance function gives the (co)variance of traits that are measured at different ages as a function of these ages and is the "infinite dimensional" equivalent to a (co)variance matrix in a multitrait analysis (Kirkpatrick and Heckman, 1989) . Meyer and Hill (1997) and Meyer (1998b) showed that random regression models are a 
2776
mial fit from three to six were considered, resulting in up to 77 parameters to be estimated. Models fitting random regressions modeled the pattern of variances in the data adequately, with estimates similar to those from corresponding univariate analysis. Direct heritability estimates decreased after birth and tended to be lowest at ages at which maternal effect estimates tended to be highest. Maternal heritability estimates increased after birth to a peak around 110 to 120 d of age and decreased thereafter. Additive genetic direct correlation estimates between weights at standard ages (birth, weaning, yearling, and final weight) were moderate to high and maternal genetic and environmental correlations were consistently high.
special case of covariance functions, and covariance function coefficients can be estimated directly from random regression models by restricted maximum likelihood. Random regression models provide EBV for the complete growth curve (i.e., in contrast to multitrait models, which provide estimates for given points only) for any target age and for functions of the growth curve. To date, random regression models have been applied mostly for test-day records of dairy cattle Van der Werf et al., 1998) . In beef cattle, few papers using random regression models have been published, and most dealt with adult weights (Meyer, 1998b (Meyer, , 1999 (Meyer, , 2000 . Meyer (2001a) estimated genetic direct and maternal covariance functions for growth from birth to weaning of two beef cattle breeds in Australia. Genetic covariance functions from birth to postweaning ages are not available.
Nelore is a Zebu breed (Bos indicus) from India that was taken to Brazil at the end of the 19th century. Due to their "easy care" traits, adaptation, and production under an extensive system they became predominant and today represent about 80% of the Brazilian beef cattle population.
The objective of this study was to estimate genetic direct and maternal covariance functions using a random regression model for weights from birth to 630 d of age in Nelore cattle. 
Materials and Methods
Data were supplied by the Brazilian Zebu Breeders Association (ABCZ). Since 1974, ABCZ has been running a genetic improvement program considering growth, fertility, and maternal ability traits.
The initial data set consisted of 74,591 weight records on 10,751 Nelore animals, weighed, on average, every 90 d from birth to 730 d of age. Calves were born all year round and were weaned at about 240 d of age. All animals were raised on pasture. Weights recorded after 630 d of age were disregarded. Only records of animals with at least three weights and belonging to contemporary groups (CG) of at least four animals were kept. The definition of CG included herd, year and month of birth, sex, weaning state (suckling or weaned), and year and month of record.
The edited data set had 65,210 weight records on 9,966 animals born from 1981 to 1999. This data set was split into three data sets, comprising records from 1, 2, and 3 herds, respectively. A summary of data structure is presented in Table 1 . Numbers of records and mean weights for 4-d intervals are shown in Figure  1 . Data set 1 (DS1) comprised records from a single herd, with a higher concentration of calvings from August to December than for the other two data sets. Numbers of animals with birth weight were 3,016, 3,186, and 3,139 for data sets 1, 2 (DS2), and 3 (DS3), respectively, and 79, 71, and 81% of animals in each data set had six or more records.
To decrease computer memory requirements, observations were grouped at each 4 d of age, and 159 age classes were created, including birth i.e., (0, 1-4, 5-8, . . ., 628-630 d) .
Univariate Analysis
Standard univariate analysis of BW for ages at 0, 1 to 60, 30 to 90, . . ., 570 to 630 d, considering only one record per animal, were carried out. The model of analysis included CG as fixed effects and age of dam, linear and quadratic effects, and linear effect of animal age (except for birth weight) as covariables. Two models of analysis were applied. The first fitted additive genetic direct and permanent environmental effect of dam as random effects. The second considered additive genetic maternal effects in addition. Variance component estimates were obtained by REML using AS-REML (Gilmour et al., 1999) .
Random Regression Analysis
Covariances between random regression (RR) coefficients were estimated by REML using the program DXMRR (Meyer, 1998a) . Fixed effects were the same as for univariate analysis, with an additional cubic regression on orthogonal polynomials of age to model mean age trends. Legendre polynomials of age at recording were used as independent variables.
Previous phenotypic RR analysis of the total data set, including weights from birth to 730 d of age, showed that the log likelihood function increased with order (k) of the polynomial (from 3 to 9), and orders of six or higher were adequate to model the variation in the data. For this data set, 17% of the animals had nine records. Genetic analyses started with k = 6 (quintic) for all random effects in the model using DS1. Different orders of fit were tried only for DS1. Initially, random effects considered in the model of analysis were animal additive genetic effects and animal and maternal permanent environmental effects only (Model A). Model M included additive genetic maternal effects in addition.
The general model can be represented as follows:
where y ij is the j th record from the i th animal; a * ij is the standardized (−1 to +1) age at recording; φ m (a * ij ) is the m th Legendre polynomial of age; F ij is a set of fixed effects; β m are the fixed regression coefficients to model the population mean; α im , γ im , δ im , and ρ im are the random regression coefficients for genetic direct, genetic maternal, and animal and maternal permanent environmental effects, respectively; k A , k M , k C , and k Q denote the corresponding orders of fit; and ε ij is the temporary environmental effect.
In matrix notation: 
with y the vector of observations; B the vector of fixed effects (including F ij and β m ); α the vector of additive genetic direct random coefficients; γ the vector of additive genetic maternal random coefficients; δ the vector of animal permanent environmental coefficients; ρ the vector of maternal permanent environmental coefficients; X, Z 1 , Z 2 , W 1 , and W 2 are the correspondent incidence matrices; and ε denotes the vector of residuals. K A , K M , K C , and K Q are the matrices of coefficients of the covariance function for additive direct and maternal effects and animal and permanent environmental effects, respectively. A is the additive numerator relationship matrix and I an identity matrix. Temporary environmental effects (ε) were considered independently distributed, with variances modeled by a quadratic or cubic variance function (VF) assuming a log-linear model, as described by Meyer (2001a) : Figure 1 . Top: weight means divided by 10 (+) and number of observations divided by 10 (bars). Bottom: standard deviations (᭺) and coefficient of variation (᭹), for data sets 1 (left), 2 (middle), and 3 (right), respectively.
where σ 2 j is the variance at the j th age, σ 2 0 is the error variance at the mean age, and b r and v are the coefficients and the number of parameters of the VF, respectively.
To improve convergence of the iterative procedure, eigenvalues of covariance matrix (K) smaller than 0.001 were fixed to an operational zero, forcing estimates of K matrix to have reduced rank. In this case, the number of parameters to be estimated was km − m(m − 1)/2 instead of k(k + 1)/2, with k = order of polynomial fit and m = rank of the coefficient matrix (Meyer, 1998b) .
Models with different orders of fitting and random effects were compared by log-likelihood ratio test (LRT). The log-likelihood ratio test only allows comparisons between nested models and tends to favor models with higher number of parameters (Olori et al., 1999; Meyer, 2000) . Restricted maximum likelihood forms of information criteria such as Akaike's Information Criterion (AIC) and Schwarz's Bayesian Information Criterion (BIC) (see Wolfinger, 1993) , that impose by guest on April 8, 2014 www.journalofanimalscience.org Downloaded from penalties according to the number of parameters to be estimated, were also used.
Results and Discussion
Mean weights and SD were 156.1 kg and 82.9 kg for DS1, 155.6 kg and 83.9 kg for DS2, and 178.1 kg and 95.7 kg for DS3, respectively. For the three data sets, weights increased almost linearly with age, with a decrease in growth rate after weaning. Animals from DS3 were heavier than those in the other two data sets (Figure 1 ). Standard deviations showed the same trend as the means, increasing with age. Coefficients of variation increased until animals were about 30 to 60 d of age and then decreased slightly with age. Birth weight SD and CV in DS2 and DS3 were lower than in DS1.
Due to computational demands different orders of polynomial fit were applied only for DS1. This data set was chosen because it had a smaller number of contemporary groups than the other two and, therefore, a smaller number of equations. Although this data set comprised records of only one herd, estimates of genetic parameters obtained by univariate analysis showed the same trend as estimates obtained previously using a large Nelore data set (Albuquerque and Meyer, 2001) .
Preliminary, phenotypic random regression analyses (not shown), considering the three data sets together, indicated that 1) increasing the order of polynomial fit decreased the residual variance; 2) phenotypic SD estimates, using polynomials with order of fit of 6 (quintic) or more, agreed closely with those estimated by univariate analyses except for birth weight; and 3) modeling measurement error variances (σ 2 ε ) using a variance function, assuming a log linear model, produced a better fit than assuming homogeneous σ 2 ε . Initially, an order of fit of 6 for all polynomials was applied. The model included additive direct effect, animal and maternal permanent environmental effects (Model A) with k A = 6, k M = 0, k C = 6, and k Q = 6 (6, 0, 6, 6). Measurement error variances were modeled by a quadratic variance function using a log linear model. For this model, a total of 66 parameters were estimated. Estimates of covariances between RR coefficients indicated that there was little variation for maternal permanent environmental effects quartic and quintic regression coefficients. Fitting a model with k = 6, 0, 6, 4 (55 parameters) did not change the log likelihood function (log L) significantly, and all information criteria were smaller for this model than for the previous one (Table 2) . A significant change in log L occurred by modeling the measurement error variances as a cubic instead of a quadratic variance function.
A set of models attempting to separate maternal genetic from maternal permanent environmental variances (Model M) was fitted. Adding maternal genetic effects to the model of analysis significantly increased the log L and AIC decreased (Table 2) . However, if the number of parameters were equal to 61 or more, a model without maternal genetic effects (k = 6, 0, 6, 4 and v = 4) would be selected by BIC. Both LRT and AIC suggested that a model with k = 6, 6, 6, 4 and v = 4, with a total of 77 parameters, was necessary to model the variances in the data. A more parsimonious model with k = 4, 4, 6, 3, v = 4 and 51 parameters was chosen by BIC.
For DS2 and DS3, only three models were fitted, with k = 6, 0, 6, 4, k = 6, 4, 6, 4, and k = 6, 6, 6, 4, and residual variances were modeled by a log linear cubic variance function. For both data sets, BIC suggested that a model not including additive maternal effects (k = 6, 0, 6, 4), with a total of 56 parameters to be estimated, would suffice to describe the covariance structure in the data. However, LRT and AIC selected models with k = 6, 4, 6, 4, and k = 6, 6, 6, 4 as the "best" to describe variances in DS2 and DS3, respectively. The suggestion of a model with k = 6, 6, 6, 4 for DS3 is clearly a situation in which LRT is favoring the wrong model, because univariate analysis showed little or no variation due to maternal genetic effects in this data set. As expected, LRT and AIC tended to favor models with a higher number of parameters, whereas BIC, which involves a more stringent penalty for number of parameters, selected more parsimonious models.
Estimates of (co)variances and correlations between RR coefficients for models with k = 4, 4, 6, 3, k = 6, 6, 6, 4, and v = 4 for DS1 are presented in Table 3 . For all sets of RR the most variable coefficient was the intercept. Correlations between intercept and linear coefficient were positive for all polynomials and moderate to high. However, correlations between intercept and quadratic regression coefficient were negative and ranged from almost zero (genetic direct effect) to almost unity (genetic maternal effect). Meyer (2001a) , applying RRM to weights from birth to weaning in two beef cattle breeds in Australia, described similar results.
High correlations between regression coefficients caused some of the eigenvalues to be negligible and set to operational zero, mainly when k = 6, 6, 6, 4. For this model, the variance estimates for quartic and quintic regression coefficients of genetic direct and maternal, and for the third regression coefficient of maternal permanent environmental effects, were smaller than 1.0. For both models, the variance estimates for genetic maternal linear regression coefficient were also smaller than one. This latter result is different from that reported by Meyer (2001a) for weights until weaning but was consistent for the three data sets (models with k = 6, 4, 6, 4 for DS2 and DS3, not shown).
Estimates of (co)variances and correlations between RR coefficients for DS2 and DS3 with a model with k = 6, 0, 6, 4 are presented in Table 4 . Similar results as for DS1 were observed, except that the correlation between intercept and linear regression coefficient of Table 2 . Order of fit for animal direct (k A ) and maternal (k M ) genetic effects, animal (k Q ) and maternal permanent (k C ) environmental effects, and residual (v-1), number of parameters (np), log likelihood function (log L +50,000), Akaike's Information Criterion (AIC), and Bayesian Information Criterion (BIC) (all-100,000)
Order of fit maternal permanent environmental effects in DS3 was low and negative. Covariance functions for DS1 are presented in Table 5 and for DS2 and DS3 in Ta 
Variance Component Estimates
Variance component estimates for weights from birth to 630 d of age, obtained with the model chosen by LRT and AIC (k = 6, 6, 6, 4) and by BIC (k = 4, 4, 6, 3) for DS1, are presented in Figure 2 . Variance estimates from both RRM were very similar and agreed with those from univariate analyses. Decreasing the order of fit for genetic direct effects from k A = 6 to k A = 4 slightly changed the partitioning of animal effect variances. The difference between the two models was largest after 400 d, with a decrease in genetic direct and an increase in animal permanent environmental variances with k = 4, 4, 6, 3. Variance estimates for DS2 and DS3 (not shown) presented similar trends as for DS1, although phenotypic variances for DS2 tended to be overestimated after 600 d. Regression coefficient estimates are highly influenced by data in the extremes, and birth weight SD for these two data sets were very small (Figure 1) . To examine the effect of this small variance on the RRM parameter estimates, birth weights were eliminated from DS2, creating data set 4 (DS4), and the same model (k = 6, 0, 6, 4) was applied. Phenotypic variance estimated using DS4 agreed closely with those from univariate analysis even after 600 d of age.
Direct and Maternal Heritability Estimates
Direct and maternal heritability estimates for DS1 are presented in Figure 3 . Estimates from both models agreed closely with those obtained by univariate analysis for the same data set. Direct heritability estimates decreased after birth (0.32) until animals were about 120 to 180 d old (0.14), increased slowly until 270 d of age (0.17), and increased faster after that. Maternal heritability estimates increased from birth (0.02) to about 110 to 120 d of age (0.25) and decreased with age thereafter. At weaning (240 d) maternal heritability estimate was 0.20. As Nelore animals were weaned around 240 d of age, results show that maternal genetic effects started to decrease before weaning. These trends are similar to that described by Albuquerque and Meyer (2001) for estimates of direct and maternal heritability obtained using univariate analysis for Nelore cattle. However, they found that the peak in maternal heritability estimates occurred closer to weaning, around 180 Meyer (2001a) , using RRM for two beef cattle breeds in Australia, also described a decrease in direct heritability estimates after birth. However, the author found that maternal heritability estimates almost did not change with age. Estimates of direct heritabilities for DS2 and DS3 are presented in Figure 4 . For both data sets, the RRM estimates agreed closely with those from univariate analysis. However, direct heritability estimates did not decrease after birth, probably because birth weight variances for these two data sets were very small. For all data sets direct heritability estimates tended to be lower when maternal effect estimates were higher. Some of the negative correlation between direct and maternal effects could be due to negative sampling covariance.
Direct heritability estimates for DS4 (same as DS2 excluding birth weight) were almost the same as before. However, differences occurred for animal permanent environmental effects and residual and will be discussed in the next section.
Permanent Environmental Effects
Direct permanent environmental variances as a proportion of the phenotypic variances (c 2 ) for DS1 using a model with k = 4, 4, 6, 3 (Figure 3 ) increased rapidly from birth (0.28) to about 50 d of age (0.42) remained almost the same with a slight trend to decrease until 580 d of age and, after that, decreased markedly with age. Meyer (2001a) described a similar pattern for weights from birth to weaning in the Wokalup breed Table 5 . Estimates of coefficients of covariance function for models with order of fit of 4,4,6,3 (above diagonal) and 6,6,6,4 (below diagonal) for additive genetic direct and maternal effects and animal and maternal permanent environmental effects, respectively, and fitting a cubic variance function for measurement errors for data set 1 Table 6 . Estimates of coefficients of covariance function for a model with order of fit of 6,0,6,4 for additive genetic direct and maternal effects and animal and maternal permanent environmental effects, respectively, and fitting a cubic variance function for measurement errors for data set 2 (below diagonal) and data set 3 (above diagonal) , and phenotypic (divided by 2: bottom right) variance component estimates from univariate analysis () and random regression analysis with k = 4, 4, 6, 3 (᭺) and k = 6, 6, 6, 4 (᭹) for genetic direct and maternal and animal and maternal permanent environmental effects, respectively, and a log linear cubic variance function for measurement error variances for data set 1.
(synthetic breed formed by mating Charolais × Brahman bulls to Friesian × Angus or Hereford cows). However, for Polled Hereford animals c 2 increased with age. The author suggested that the difference between the two could be due to sampling variation in the partition of animal effects.
For DS2 and DS3 (Figure 4) , c 2 showed a larger increase after birth than for DS1, followed by a decrease in the residual variance as proportion of phenotypic variance estimates (e 2 ). After excluding birth weight from the analysis for DS2, c 2 showed a trend similar to that observed for DS1. Because the change in c 2 was accompanied by a proportional change in e 2 there was no difference in the other parameter estimates (i.e., heritabilities and maternal permanent environmental variance, as proportion of phenotypic variance estimates remained the same). Maternal permanent environmental effect estimates (q 2 ) for DS1 were almost the same for both models (k = 4, 4, 6, 3 and k = 6, 6, 6, 4), practically did not change with age, and were lower than maternal genetic effects (Figure 3) . Estimates of q 2 from univariate analyses were larger than those obtained with RRM. Partition of maternal effects in genetic and permanent environmental effects, mainly using field data, presents some difficulties even for simple, univariate analyses (Willham, 1980; Gerstmayr, 1992; Meyer, 1992a) . It is expected that these problems would also arise with RRM. There is evidence that by including only one of the maternal effects (additive genetic or permanent environmental) in the model most of the maternal variation would be accounted for (Meyer, 1992b) . For DS2 and DS3, maternal genetic effects were not included in the model and, for both data sets, maternal permanent environmental effects increased from birth (0.04 and 0.02 for DS2 and DS3) to a peak around 100 to 130 d of age (0.13-0.14) and decreased with age thereafter.
Correlation Estimates
Estimates of phenotypic correlations between weights from birth to 630 d of age for DS1 and DS2 are presented in Figure 5 . Genetic direct and maternal and animal and maternal permanent environmental correlations for DS1 are shown in Figure 6 . In general, correlations tended to decrease with increasing number of days between records.
Phenotypic correlations for DS2 ( Figure 5 ) and DS3 (not shown) were not as smooth as for DS1. This could be due to the high order of polynomial fit for these two data sets. A higher-order polynomial is expected to be more flexible and consequently to be able to follow the changes in (co)variances more closely. However, higher-order polynomials have been known for intensifying sampling problems, producing "wiggly" functions (Kirkpatrick et al., 1994; Meyer, 1998b) .
For DS2 and DS3, correlations of all ages with birth weight were low and did not decrease much with increasing lag in ages. These latter results are consistent with the small variance observed for birth weight in DS2 and DS3.
Correlation estimates obtained using k = 4, 4, 6, 3 ( Figure 6 ) and k = 6, 6, 6, 4 (not shown) for DS1 were similar, except for genetic maternal correlation esti- mates between birth weight and all the other ages, which were larger for k = 6, 6, 6, 4. Estimates obtained for DS2 and DS3 were similar to those found for DS1, although none of them were as smooth as for DS1. Correlations between birth weight and all the other ages for these two data sets were much smaller than for DS1. Maternal permanent environmental correlations between birth weight and some other ages for DS3 were negative. As already pointed out, these differences are probably due to small variances for birth weight in DS2 and DS3 and to the higher-order polynomials applied for these two data sets. Removing birth weights from DS2 did not change correlation estimates. Many authors have reported problems in modeling covariances between early and late records in dairy Brotherstone et al., 2000) and beef (Meyer, 1998b (Meyer, , 1999 (Meyer, , 2000 cattle. A small number of records for extreme ages, far from the mean, and over-parameterization have been pointed out as possible reasons for these problems (Kirkpatrick et al., 1994; Meyer, 2000) . Only results from DS1 are presented in the following. 
Additive Direct and Maternal Correlations
Genetic direct correlation estimates ( Figure 6 ) decreased with increasing age between weights. However, the estimates showed small peaks at the edges Figure 5 . Phenotypic correlation estimates for data set 1 (left) and data set 2 (right), with k = 4, 4, 6, 3 and k = 6, 0, 6, 4, respectively, and measurement error variances modeled as a log linear cubic variance function. Estimates of genetic direct correlations were 0. 65, 0.53, 0.44, 0.93, 0.82, and 0.97 between birth and 240, birth and 360, birth and 550, 240 and 360, 240 and 550, and 360 and 550 d of age, respectively. Mercadante et al. (1995) , in a review, reported weighted mean genetic correlations of 0.63, 0.41, 0.40, 0.78, 0.71, and 0.77 , respectively, at these same ages for Zebu breeds in the tropics. As pointed out by the authors, most of the estimates were obtained with small data sets and maternal effects were not taken into account. Lô bo et al. (2000) , also in a review, found corresponding weighted means for genetic correlation of 0.62, 0.62, 0.60, 0.75, 0.74, and 0.97 for European and Zebu breeds in the tropics. The results we have obtained with RRM are, overall, similar to those reported by these authors.
Additive genetic maternal correlation estimates after 20 d of age were close to unity, forming a flat horizontal plane. Meyer (2001a) , using RRM for Polled Herefords in Australia, described a similar pattern. The minimum correlation value occurred between birth and 460 to 480 d of age. Genetic maternal correlations were low between birth and 240 (weaning), 360 (yearling), and 550 (final weight) d of age (0.14, 0.05, and 0.05) and close to unity between the other ages. There are few estimates of genetic maternal correlations for weights of Zebu breeds in Brazil. Eler et al. (1995) found low genetic maternal correlations between birth and weaning and birth and yearling weights for Nelore cattle of 0.21 and 0.18, respectively. Similarly, they found a high genetic maternal correlation between weaning and yearling weights, 0.84. effect estimates tended to be highest. Maternal heritability estimates increased after birth to a peak at 110 to 120 d of age and decreased thereafter. Similar results were found by Albuquerque and Meyer (2001) using univariate analyses for Nelore cattle in Brazil and by Meyer (2001a) for two beef cattle breeds in Australia. A higher response to selection for maternal ability would be expected if selection were based on preweaning weights. However, there is evidence that milk production is the main cause of maternal effects (Meyer et al., 1994) . Hence, selection for maternal ability is expected to increase milk production and, in the long term, could produce animals with higher nutritional requirements.
A model with RR modeled the pattern of (co)variances in the data adequately, with estimates similar to those obtained with univariate analysis. Increasing the order of polynomial fit increased the flexibility of the curve. However, applying polynomials with a high order of fit increased computational requirements, made convergence difficult to reach, and increased sampling problems (Kirkpatrick et al., 1994; Meyer, 1998b) .
A question still to be answered is how much would be gained by applying RRM to genetic evaluations. In general, two approaches have been used to analyze beef cattle data. The most common has been to adjust weights to standard ages and use uni-or multitrait analyses to estimate genetic parameters and to predict breeding values for those ages. Information from relatives is incorporated into the analysis through a relationship matrix. In this case, although multitrait analyses take into account the correlations between traits, covariance matrices are not structured.
Another approach has been to consider weight as a trait that changes with time and to describe the trajectory by a mathematical model. Several nonlinear functions such as Richard's, Brody's, Bertalanffy's, and Gompertz's growth curves (Fitzhugh, 1976) have been used to describe beef cattle growth. Usually, the parameters of the curve are estimated for each animal and, as a second step, environmental effects and variance components are estimated for the parameters. When fitting a curve, all weights available are considered; however, repeated records have correlated errors that have not been taken into account by this method (DeNise and Brinks, 1985) . Another aspect is that information on relatives is not considered in the first step, when the growth curve is estimated (i.e., not all information is used and animals with only one or a few records cannot be included in the analysis). This approach has rarely been used for genetic evaluation in a mixed-model context.
With RRM, a fixed regression on age is used to model the population trajectory and each random effect can also be modeled by a trajectory as a function of age. Environmental effects are separated into permanent and temporary effects, and if animal genetic and permanent effects were modeled appropriately, measurement errors would be independent. Covariance functions that give the covariances between any two ages within the range of ages in the data can be estimated by applying a RRM and REML (Meyer, 1998b) , and impose a structure on the covariance matrices. Instead of predicting breeding values (BV) for each recorded weight, BV are predicted for additive direct and maternal regression coefficients. If the appropriate curve is chosen, the number of traits to be considered is reduced without loss of information (Meyer and Hill, 1997; Meyer, 1998b) , (i.e., a RRM with optimal k [order of fit] is equivalent to a multitrait model with less computer requirement).
Using the genetic regression coefficients, BV can be predicted for the growth curve as a whole, for any age (within the range in the data), even those for which the animal had no records and for functions of the growth curve. Animals with only one or even without records can be evaluated using information from relatives. This is particularly important when the selection objective is to select young animals for growth without changing mature weight. However, mature weights of relatives have to be available because predictions can only be done in the range of ages present in the data (Kirkpatrick et al., 1990) . Functions of the growth curve, such as rate of maturity, can also be used with this objective. Appropriate functions to find fast-growing and early-maturing animals have to be defined. Another important advantage of RRM is that there is no need for age of animal adjustments because age is in the design matrix, avoiding a source of errors associated with the estimation of adjustment factors. Random regression models are expected to give more accurate estimates of genetic parameters and predictions of breeding values than the conventional multitrait model used nowadays. Future research should concentrate on quantifying how much would be gained in terms of accuracy and response to selection by applying RRM instead of multitrait models, considering a limited number of points such as birth, weaning, yearling, and final weights.
An important issue to consider for genetic evaluations of a large number of animals, as in national evaluation programs, is computational requirements. Applying RRM instead of multitrait models for genetic evaluations of growth traits will increase the number of mixed-model equations, the coefficient matrix of random effects will be denser, and, consequently, computing requirements will increase accordingly. Alternatives to decrease the order of polynomial fit must be investigated. Pool and Meuwissen (2000) found that the order of polynomial fit necessary to model the (co)-variance matrix was reduced by using only complete lactation records (from 5 to 4) and by correcting for heterogeneous variances across classes of days in milk (from 4 to 3). Parametric growth curves, generally with a small number of parameters, could be applied with a Bayesian procedure as presented by Varona et al. (1997 Varona et al. ( , 1999 . Stationary or nonstationary correlation parametric models could be applied to model withinanimal variance, decreasing the number of parameters necessary to describe changes in variance with age (Pletcher and Geyer, 1999; Foulley et al., 2000; Meyer 2001b ).
Implications
A model with random regressions modeled the pattern of (co)variances in the data adequately, with estimates similar to those obtained with univariate analysis. Random regression models are expected to give more accurate estimates of genetic parameters and predictions of breeding values than the conventional multitrait model considering a limited number of points, such as birth, weaning, yearling, and final weights, used nowadays.
